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Abstract 
 Background: Cardiovascular diseases (CVDs) are the number one cause of death globally. 
WHO estimated that CVD was a cause of 17.9 million deaths (or 31% of all global deaths) in 2019. 
It may seem surprising, but we can easily prevent CVDs by altering our lifestyles to avoid 
associated risk factors. The only requirement needed is to know one's risk apriori. Various versions 
of cardiovascular risk scores are adopted to assess cardiovascular risk and associated risk factors in 
many countries. Thailand developed as the Thai CV risk score as a reliable tool to forecast the risk 
of having a cardiovascular event in the future for Thais. 
 Objective: This study is an external validation of the Thai CV risk score. We aim to answer 
two key questions. Firstly, Can the Thai CV Risk score developed using the dataset of people from 
the central and northwestern regions of Thailand applies to people from other parts of the 
country? Secondly, Can the Thai CV Risk score, developed for general people, work for hospital 
patients who tend to have a higher risk? 
 Method: This work is a retrospective study set out to answer two questions using a dataset 
of 1,025 patients from Lansaka Hospital in southern Thailand. We calculated 10-years 
cardiovascular risk using the following factors – sex, age, smoke, diabetes, systolic blood pressure, 
LDL, and HDL -- of all patients in 2008 and compare the predictive result to observe their actual 
cardiovascular events from 2008 to 2017. 
 Result: We are able to find answers to both questions in this study. We find that the Thai 
CV risk score works for the southern Thais population, including patients in the hospital. It 
generally works well for the low CV risk group. 
 Conclusion: Even though the Thai CV risk score is applicable for hospital settings, it tends 
to overestimate moderate and high risks. Fortunately, this poses no serious concern for general 
people as it only makes people more careful about their lifestyle. The doctor should be careful 
when using the score with other factors to make a treatment decision. 
 Keyword: An external validation, cardiovascular diseases, cardiovascular events,  
CV risk model, Thai CV risk score. 
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Introduction 
 Cardiovascular diseases (CVDs) are the 
number one cause of death globally. In 2019, 
WHO estimated that 17.9 million people died 
from CVDs (or 31% of all global deaths). The 
deaths from CVDs are from individual or 
combined effects of high blood pressure, 
serum cholesterol, smoking, high blood 
glucose, and high body mass index, as shown 
in figure 1 [1]. We can easily prevent most 
CVDs by modifying their lifestyle to avoid 
behavioral risk factors or preventive medical 
treatment. Therefore, it is essential to have a 
model that can predict each individual's 
cardiovascular (CV) risk. 
 The World Health Organization (WHO) 
estimates that over 75% of premature CVD is 
preventable, and risk factor amelioration can 
help reduce the growing CVD burden on both 
individuals and healthcare providers. 
 WHO predicted that small changes in 
cardiovascular risk factors could halve 
mortality from coronary heart disease (CHD) 
in the United Kingdom[12]: 

 A 1% decrease in cholesterol in the 
population could lead to a 2–4% CHD 
mortality reduction. 

 A 1% reduction in smoking prevalence 
could lead to 2000 fewer CHD deaths 
per year. 

 A 1% reduction in population diastolic 
blood pressure could prevent around 
1500 CHD deaths each year.  

 From 1972 to 1992, the decline of the 
major cardiovascular risk factors in Finland 
contributed to  80% of the CHD mortality 
reduction. Similarly, in Ireland, almost half 
(48.1%) of the reduction in CHD mortality 

rates during 1985–2000 among those aged 
25–84 years has been attributed to favorable 
trends in population risk factors. In both 
countries, the most significant benefits appear 
to have come from reductions in mean 
cholesterol concentrations, smoking 
prevalence, and blood pressure levels [12] [13]. 

The world-first CV risk model, 
Framingham Risk Score, was developed based 
on findings from Framingham Heart Study [2].  
The original cohort study, founded in 1948, 
consisted of 5,209 men and women. The 
study findings revealed how cardiovascular 
health affects the rest of the body. The study 
found high blood pressure and high blood 
cholesterol to be significant risk factors for 
cardiovascular disease. 

The Framingham Risk Score is one of 
many scoring systems used to determine an 
individual's cardiovascular disease risk. 
Cardiovascular risk scoring systems estimate 
the probability that a person will develop 
cardiovascular disease within a specified 
amount of time, usually 10 to 30 years. 

In Thailand, the Thai CV Risk Score[3] 
was developed based on cohorts collected 
from The Electricity Generating Authority of 
Thailand (EGAT) study [4]. The model was 
derived from the 1st EGAT cohort comprising 
a survey and blood sample from 3,499 EGAT 
employees in the Bangkok area in 1985. The 
model was later adjusted and validated using 
2nd and 3rd EGAT cohorts comprising 2,999 
and 2,584 samples from northwestern and 
central regions of Thailand, respectively. 
 This work is an external validation of 
the Thai CV risk score to address two main 
issues and one far-reaching goal with 
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cardiovascular diseases. Firstly, the current 
Thai CV Risk Score was developed using a 
cohort of people from Thailand's central and 
northwestern regions. How well does the 
score predict the CV risk for people from 
other parts of the country? Secondly, the CV 
risk is currently being used as a guideline to 
prescribe drugs in the statins group for 
patients in hospitals. A question remains 
unanswered about how well the score 
developed for general people works for 
hospital patients who typically have a higher 
risk. 

Finally, it is rather convenient to 
gather a large set of patients' medical records 
in the digital era, such as records from a 
hospital database. The medical community in 
the UK exploits big data by using a dataset of 
roughly 10 million people to develop their 
recent CV Risk Score, QRISK3 [5]. However, the 
characteristics of this large dataset [8] are in 
many ways different from the traditional 
cohort. Therefore, different methods to use 
big data in medical research need to be 
studied and developed. This work is 
considered the first step in our journey to use 
big data to develop a cardiovascular risk 
score in the Thailand context [14]. 
 
Methods 
Sample size calculation. 
  In this study, we calculated the sample size 
based on the Lansaka population in 2008. We 
used Krejcie and Morgan formular. 

 

  
         

                
 

Where 
n  is the required sample size 

    is the table value of Chi-
square for 1 degree of freedom at the 
confidential 95% 

   is the population size 

   is the population proportion  

    is the degree of accuracy 
expressed as a proportion 
Determine the sample size required for the 
study with 95% confidence and a margin of 
error of 5%. Assume a population proportion 
of 0.5 and a population size of 40,291 
(Lansaka area population in 2008). 
 
 

 
                    

      
 
                         

 

          

Thus, a sample size of at least 380 
people is needed. However, we decided to 
use all available data on patients' health 
records at Lansaka Hospital, which gave us a 
dataset three times larger than the needed 
sample size. 
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Table 1: Characteristics of the Lansaka’s cohort 

Characteristics 
Lansaka’s Cohort (1,025 patients, from 2008 – 2017) 

Male Female 
Age     
   Range 35 - 70 35 - 70 
   Mean (SD) 54.8 (8.98) 54.7 (9.13) 
Gender     
   Count (%) 319 (31) 706 (69) 
Smoke (count, %)     
   Smoke 175 (54.86) 26 (3.68) 
   Unknown 52 (16.3) 68 (9.63) 
Physical Exam (mean, SD)     
   BMI (kg/m^2) 24.57 (4.35) 25.41 (4.15) 
   Systolic BP 139.2 (18.87) 136.42 (19.45) 
Prevalence of disease (%)     
   Diabetes 18.18% 24.08% 
General chemistry (mean, SD)     
   LDL 130.7 (32.84) 137.1 (32.15) 

 

Table 1 characterizes the dataset of 
1,025 patients (319 male and 706 female) 
without cardiovascular events prior to 2008 
used in our study.The age range for both 
genders are from 35- to 70-year-old, the 
average (and standard deviation) of age for 
both genders are 54.8 (8.98) and 54.7 (9.13) 
for male and female, respectively, and no 
significant difference in age distribution 
among genders. A male patient group has a 
significant portion of smoking history, 54.86 vs 

3.68 percent for males and females, 
respectively.  

We found no significant difference in 
both body mass index and systolic blood 
pressure among both genders. The 
prevalence of diabetes is higher in females 
and males, 24% and 18%, respectively. An 
average (and standard deviation) of low-
density lipoprotein are 130.7 (32.84) and 
137.1 (32.15) for male and female 
participants, respectively, with a slightly high 
LDL in females. 
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Figure 1: Methodology used in this study 
 

Table 2: Number of patients presented with cardiovascular events during 2009–2017 

Hazard Event Subtype ICD 10 Code ICD 10 Group 
A Number of 
Cases 

Coronary Revascularization 
 

Z95 Z95.5 N/A 

Angina Pectoris 
 

I209 - 5 

Unstable Angina 
 

I200 I200-I209 8 

Myocardial Infarction 
STEMI I214 

I210-I219 16 
NSTEMI 

I213 
 

CHD Death 
 

I519 I510-I519 11 

Stroke 

Hemorrhagic 
Stroke 

I619 
I600-I64 43 

Ischemic 
Stroke 

I64 

Cardiac Failure 
 

I509 I500-I509 N/A 
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Figure1 illustrates our research 
methodology. We first calculated 10-years 
cardiovascular risk using the following factors 
– sex, age, smoke, diabetes, systolic blood 
pressure, LDL, and HDL -- of all patients in 
2008. We then observed their actual 
cardiovascular events from 2008 to 2017. 
Specifically, in this study, we focus on 
cardiovascular events comprising fatal and 
non-fatal myocardial infarction and stroke, as 
shown in Table 2. Stroke is the most frequent 

event among our target patients, while 
myocardial infarction and CHD death are the 
second and third most frequent events. 

Ethics approval 

 This study was approved by the 
Nakhonsrithammarat Provincial Health Office 
Research Ethics Committee (Reference 
Number NSTPH 24/2561). Permission to use 
anonymized data from Lansaka hospital's 
patient records. 

Results 

Table 3: The validation outcome of the Thai CV risk score 

Risk Level 
Predicted 

(Group’s Average) 
Actual Estimation 

Low Risk  [0,10%) 0.0529 0.0707 As Expected 

Moderate Risk  [10%,20%) 0.1522 0.0884 Over Estimate 

High Risk  [20,30%) 0.2523 0.1364 Over Estimate 

 
Table 3 presents the validation 

outcome of the Thai CV risk score. The risk 
score indicates chances of having 
cardiovascular events in 10-year time. The 
scores below 0.1, between 0.1 and 0.2, and 
more than 0.2 are interpreted as low, 
moderate, and high risks [3].  

Therefore, we grouped Lansaka's 
patients into three groups based on their 
predicted risk level and calculated the actual 
risk for each group from cardiovascular events 
between 2008 and 2017. Essentially, we 
divided the predicted risk of all participants 

into 20 bins with a width of 0.05 each. Then 
for each bin, we analyze the actual risk based 
on actual cardiovascular events and then 
calculate an error by comparing how much 
the actual risk is higher or lower than the 
upper or lower bound of the bin. Errors of all 
risk levels -- low, medium, high -- are average 
errors of bins in respective risk levels. On 
average, in the low-risk group, the risk score 
slightly underestimated the actual risk by 
0.0068. However, in both moderate and high-
risk groups, the score, on average, 
overestimated the actual risk by 0.037 and 
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0.088, respectively. This could partly be due 
to the right censoring issue, discussed later in 
the limitations of this study.  

Although this study showed that over-
predict incidents occurred in Lanska’s 
patients in some groups, the finding was still 
consistent with several studies that used 
Framingham risk score prediction, which has 
been widely used in western countries [15,16,17]. 

 
Discussion 
 Here we discuss the results of our 
experiment, particularly along the main 
objectives of this study. In the end, we sketch 
ideas to improve the score. 
 This study aims to answer two key 
questions. First, "Can the Thai CV Risk score 
developed using the dataset of people from 
the central and north-western regions of 
Thailand applies to people from other parts 
of the country?" Second, "Can the Thai CV 
Risk score, developed for general people, 
work for hospital patients who tend to have a 
higher risk?" The result of this study reveals 
that in the low-risk range, the score works 
quite well; however, in the moderate and 
high risks, the score tends to overestimate.  
  We believe there are two reasonable 
explanations for the overestimation. First, the 
dataset used in this study is the Lansaka 
hospital's patient records from 2008 to 2017; 
therefore different from the cohort dataset. 
Due to several factors, such as migration, this 
kind of dataset might be incomplete or 
present a censoring problem. For example, 
suppose the patient moved to another city 
after 2008 and had a cardiovascular event 
later. In that case, Lansaka's dataset will 
indicate that this patient never had any CVD 

events, which is inaccurate. This type I 
censoring scenario leads to the right 
censoring condition [7]. In our study, patients 
likely to fall into this censoring scenario were 
excluded to mitigate this problem, even if 
they stayed with Lansaka hospital for the 
entire 10-year period. 
 The second explanation is that a 
small fraction of patients has complete 
information to calculate the 10-year risk 
score. One of the major contributions is the 
missing cholesterol values, which is 
understandable since a blood draw is 
required to acquire this data.  
 Even though the Thai CV risk score is 
applicable for most Thais, it is still not 
perfect. We portray ideas to improve the 
score further. 
 A set of risk factors used in the 
current Thai CV risk score is similar to the 
original Framingham risk score [2]. However, 
the more recent CV risk score, such as QRISK3 
[5], uses more extensive factors. Our research 
team aims to extend the current Thai CV risk 
score to include additional factors that could 
help improve the CV risk assessment for all 
Thais. 
        We are exploring a non-invasive 
approach to obtain these missing values to 
compensate for the likelihood of missing lab 
results. For example, we are looking into 
deep learning on retinal fundus images [6] to 
infer the missing information. Along this line 
of thinking, we believe modern digital 
technology could help compensate for a 
shortfall in healthcare data. 
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Conclusion 
In summary, the Thai CV risk score 

works for the southern Thais population, 
including patients in the hospital. It generally 
works well for the low CV risk group. 
However, the score tends to overestimate 
moderate and high risks, and the error 
increases as the risk increases. Fortunately, 
this poses no serious concern for general 
people as it only makes people more careful 
about their lifestyles [18]. The doctor should 
be careful when using the score with other 
factors to make a treatment decision. 
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